Future climate projections and impact analyses are pivotal to evaluate the potential change in crop yield under climate change. Impact assessment of climate change is also essential to prepare and implement adaptation measures for farmers and policymakers. However, there are uncertainties associated with climate change impact assessment when combining crop models and climate models under different emission scenarios. This study quantifies the various sources of uncertainty associated with future climate change effects on wheat productivity at six representative sites covering dry and wet environments in Australia based on 12 soil types and 12 nitrogen application rates using one crop model driven by 28 global climate models (GCMs) under two representative concentration pathways (RCPs) at near future period 2021-2060 and far future period 2061-2100. We used the analysis of variance (ANOVA) to quantify the sources of uncertainty in wheat yield change. Our results indicated that GCM uncertainty largely dominated over RCPs, nitrogen rates, and soils for the projections of wheat yield at drier locations. However, at wetter sites, the largest share of uncertainty was nitrogen, followed by GCMs, soils, and RCPs. In addition, the soil types at two northern sites in the study area had greater effects on yield change uncertainty probably due to the interaction effect of seasonal rainfall and soil water storage capacity. We concluded that the relative contributions of different uncertainty sources are dependent on climatic location. Understanding the share of uncertainty in climate impact assessment is important for model choice and will provide a basis for producing more reliable impact assessment.
Introduction
Global climate models (GCMs) downscaled by statistical or dynamical methods along with simple scaling of GCMs output have been broadly utilized to drive crop models to assess the impact of climate change on agriculture at site, regional and global scale Cammarano et al. 2017; Müller et al. 2015; Tao et al. 2018; Wang et al. 2018 ) and also provide useful tools for conducting climate change impact assessment. However, substantial uncertainties are inherited from GCMs due to model resolution at different spatiotemporal scales and model parameterization as well as model structure (Eghdamirad et al. 2017; Hosseinzadehtalaei et al. 2017) . The choice of a GCM is generally considered the largest contributor to the total uncertainty of climate change impact analysis in a short-term period (Hawkins and Sutton 2009; Kassie et al. 2015; Shen et al. 2018; Shrestha et al. 2016) .
Accurate climate projections are essential for the assessment and impacts of climate change on agriculture because a small bias in climate factors is likely to cause significant consequences in agricultural processes given that biophysical thresholds are sensitive to crop growth and development (Ruiz-Ramos et al. 2016) . For example, projected temperature change has led to an overestimation of frost occurrence by some climate models in Australia (Alexander and Arblaster 2009; Wang et al. 2016) , which could result in unrealistic assessment of frost damage to winter crops. In addition, the lost production induced by heat stress in the critical crop phenological stages such as flowering and grain filling could be underestimated as a consequence of underestimation in maximum temperatures (Alexander and Arblaster 2017) . Furthermore, crop development in some crop models has been simulated based on thermal time function which was calculated by accumulating daily mean temperature above a cardinal temperature (Zhang et al. 2017) . Given the inherent variation in climate projections, when using the climate projections as inputs for crop models to evaluate agricultural impact, accuracy and uncertainty are crucial for delivery of robust information for farmers and policymakers in agricultural resource management.
Generally, the primary practical uses of uncertainty evaluation can be summarized as (1) it can provide more accurate and robust projections and (2) it is helpful to better convey information for evaluating the potential risk, which is of importance to gain the trust of the general public (Shrestha et al. 2016) . Previous studies have highlighted uncertainties in climate change impact analyses associated with numerous factors including the climate models selected, greenhouse gas emission scenarios considered, crop models applied, downscaling methods used (change factor-based approach, dynamical downscaling and statistical downscaling), the time period analyzed (near-term or long-term), and uncertainties related to soil types Falloon et al. 2014; Folberth et al. 2016; Osborne et al. 2013; Rahman et al. 2018; Tao et al. 2018) . Quantifying these uncertainties based on different datasets can effectively enhance the reliability of climate change impact evaluation in agricultural research. However, recent studies have provided inconsistent results in terms of the dominant sources of the uncertainties in projections of future climate change effects on crop yields Kassie et al. 2015; Ramirez-Villegas et al. 2017) . For example, Asseng et al. (2013) reported that the main source of uncertainty in projections of wheat yield arises from the variability among crop models with less uncertainty arising from GCM variation. Their results were based on outputs at four representative sites from 27 different crop models that were driven by 16 GCM projections based on a "delta change approach." Similarly, Tao et al. (2018) concluded that the contribution of the crop model structure to total uncertainty is greater than that from climate models and crop model parameters using similar climate data with Asseng et al. (2013) . By contrast, other studies found that GCMs contribute more uncertainty than crop models. For instance, Kassie et al. (2015) concluded that the uncertainty from GCMs is higher than that from crop models based on simulations in Ethiopia. It is noteworthy that the relative contribution of any single source of uncertainty to climate impact assessment will change along with the crop model structure, GCMs selected, and location of the study area. Although various conclusions have been drawn in regard to the contribution of biophysical models and GCMs to the total uncertainty, the majority of previous studies on assessing the uncertainty of relative yields change were based on simple scaling of GCM output which neglected the climate variability in future climate .
Evaluation of GCM uncertainties using different downscaling data for impact assessment is of great importance in agricultural studies, especially for undertaking management practices, such as developing suitable adaptation measures to mitigate the impact of climate change. A growing body of studies is endeavoring to quantify the uncertainties from some key sources, such as climate models, crop model structure, and crop model parameters across different climate regions, but there has been limited work in estimating the source of uncertainty from emission scenarios and agricultural management practices as well as statistical downscaling climate projections. In addition, another source of uncertainty, which is due to soil types used in the crop model, can be significant Wang et al. 2009a; Yang et al. 2014) . Folberth et al. (2016) revealed that soil data used may lead to differences in both magnitude and direction of climate change impacts under extreme scenarios. Among different soil types, crop yield is likely to vary as a consequence of differences in water and nutrient uses. As soil moisture and nutrient storage capacity allow soils to maintain crop growth and development under various adverse conditions, soil types may offer a buffer to reduce the impacts of climate variation (Folberth et al. 2016; Wang et al. 2009a ). While quantifying uncertainties under different soil types and its impacts on crop yield is of central importance, soils with different nutrient availability have not been examined as a key source of uncertainty in agricultural climate change impact studies.
We aim to quantify sources of uncertainty in climate change impact assessment on wheat yield using the Agricultural Production Systems Simulator (APSIM) model forced by statistical downscaling climate data based on 28 GCMs for 12 soil types and 12 nitrogen treatments under two representative concentration pathway (RCP) emission scenarios for near and far (2061-2100) time spans. Specifically, our objectives are (1) to estimate the relative changes in wheat yield at six sites under RCP4.5 and RCP8.5; (2) to quantify relative contributions of the uncertainty associated with climate models (GCMs), emission scenarios (RCP), soil types (S) as well as nitrogen application rates (N) considered in climate change impact projections.
Material and methods

The study sites, climate, and soil data
This study focuses on the New South Wales (NSW) wheat belt in eastern Australia, which accounts for approximately 30% of the total wheat planting area and has a large vulnerability to climate change because of its diverse climate conditions (Wang et al. 2016) . Detailed meteorological records for six representative sites in the NSW wheat belt during 1961-2000 were obtained from a database of historical climate records for Australia, namely Scientific Information for Land Owners (SILO) (https://legacy.longpaddock.qld.gov.au/silo/about.html). We selected these six sites covering an east-west transect of the NSW wheat growing region (Fig. S1 ). Across the study sites, the annual mean temperature increases from the site (Wagga) in southeast to the site in northwest (Walgett) ( Table S1 ). There is a rainfall gradient from east to west as well as differences in seasonal patterns of rainfall at these six sites. Specifically, sites in the west are drier than sites in the east. From the site in north to the site in south, rainfall pattern varies from more summer-dominant rainfall in Walgett, Moree, and Mudgee, to uniformly distributed rainfall characteristics in Lachlan and Balranald, then to more winterand spring-dominant rainfall in Wagga (Table S1) .
Seasonal rainfall patterns limit the crop yield in the dry land farming system within the study area. In addition, the variability of crop yield is influenced by soil efficiency and the natural landscape capacity to absorb, store, and transfer available water to crops (Wang et al. 2009b ). Significant interaction occurs among climate variables, soil hydraulic parameters, and crops in these rain-fed areas. Therefore, to study how different soil types respond to future climate change, 12 soil types available from the Australian Soil Resource Information Systems (http://www.asris. csiro.au/mapping/hyperdocs/APSRU/) were selected according to plant available water capacity (PAWC) varying between approximately 70 and 300 mm at an interval of 20 mm (see Table S2 ). Each soil profile includes the detailed information required to run the APSIM crop model such as soil depth, pH level, soil C:N ratio, and organic carbon concentration. A detailed description on these soils has previously been reported by Wang et al. (2017b) .
We used historical simulations and the representative concentration pathway (RCP) 4.5 and 8.5 future projections based on 28 GCMs from the Coupled Model Intercomparison Project Phase 5 (CMIP5) dataset. We downscaled these 28 GCMs (see Table S3 ) separately for daily temperature, rainfall, and radiation at six selected sites, following a statistical downscaling method referred to Liu and Zuo (2012) . This statistical downscaling technique was developed by NSW Department of Primary Industries Wagga Wagga Agricultural Institute (NWAI-WG). It has been extensively employed in recent climate change studies (Li et al. 2017; Liu et al. 2017a; Wang et al. 2016; Wang et al. 2018) . It is different to other statistical downscaling methods which require numerous predictors to establish the relationship between the predictand and predictors based on daily and/or monthly scale. The method used in Liu and Zuo (2012) produced realistic time series of daily temperature, rainfall, and solar radiation data to drive crop models from monthly gridded GCM temperature, rainfall, and radiation data given some specific parameters derived from climate observations and GCM projections. The detailed derivation of equations can be found in Liu and Zuo (2012) .
The historical period was defined as 1961-2000 (baseline) , and the near future projected period was 2021-2060 (2040s) , the far future period was 2061-2100 (2080s).
Crop simulation model and model setting
The APSIM, simulating biophysical processes in cropping system, has been demonstrated as an effective tool to study the potential effects of future climate change on crop yield under different management interventions (Holzworth et al. 2014) . The APSIM simulates crop growth and development at a daily time scale in response to environmental change. It is able to mimic variation in crop development due to micro-climates, soil water, soil carbon, nitrogen and phosphorus dynamics, and their interactions within different cropping management systems, forced with climate input data (rainfall, solar radiation, and maximum and minimum temperature). The APSIM version 7.7 was chosen as it has been comprehensively verified across Australia for various cropping systems and management practices at different climate locations for long-term periods. The crop growth and yield are affected by carbon dioxide (CO 2 ) in the APSIM by radiation use efficiency and transpiration efficiency. The detailed description of APSIM models can be found from http://www.apsim.info/. For RCP4.5 and RCP8.5 scenario, elevated CO 2 concentration was fitted with calendar year according to Liu et al. (2017b) . The wheat cultivar, sowing rule, planting density, sowing depth, and other model settings were consistent with Wang et al. (2017b) . To study the effects of different nitrogen input levels on crop yields, 12 nitrogen application rates (N1, 50; N2, 75; N3, 100; N4 , 125; N5, 150; N6, 175; N7, 200; N8, 225; N9, 250; N10, 275; N11, 300; and N12, 325 kg N ha −1 ) were considered in our study.
Analyses and uncertainty decomposition
The simulated yield changes from 28 GCMs between the 2040s (2080s) and the baseline under two RCPs for 12 soils and 12 nitrogen application rates were analyzed and compared. To present how large difference in yield change for different GCMs, we calculated the range between two yield change quantiles based on 28 GCMs, namely low yield change (10% percentile, Q10) and high yield change (90% percentile, Q90) for each soil and each nitrogen application level over six sites.
Four sources of uncertainty in projected wheat yield change, namely 28 GCMs, 4 emission scenarios (RCP4.5_2040s, RCP8.5_2040s, RCP4.5_2080s, and RCP8.5_2080s), 12 soils (S), and 12 nitrogen application rates (N), were assessed using the analysis of variance (ANOVA), which has been proposed in numerous recent studies (Aryal et al. 2018; Tao et al. 2018; Vetter et al. 2017 ). In the statistical theory of ANOVA technique, the total sum of squares (SST) is calculated in Eq. (1) to present the total variation which is partitioned into different factors. In this study, a four-way ANOVA (four factors) was used to consider the main effects (SS GCM , SS RCP , SS S , and SS N ) and interaction terms of these four factors (interaction effects):
3 Results
Future climate projections
The wheat growing season temperature and rainfall were firstly forecasted across six study sites for two RCPs based on 28 GCMs. The multi-GCM ensemble median temperature increased by 1.2-1.6°C under RCP4.5 and 1.6-1.9°C under RCP8.5 in 2040s relative to 1961-2000 across six sites (Fig. 1a) . By the 2080s, the mean temperature increased by 1.8-2.4°C under RCP4.5 and 3.4-4.2°C under RCP8.5. It is consistent for all 28 GCMs which projected a warm climate at these six locations. However, growing season rainfall had large variations for GCMs and locations, though multi-GCM ensemble median presented a decreasing trend in rainfall across six sites (Fig. 1b) . For example, some GCMs projected an increased rainfall while some GCMs indicated decreased rainfall. The magnitude of rainfall change increased with increasing greenhouse gas emissions and time periods. In addition, there were larger variations in rainfall change in dry locations than in wet locations. For example, rainfall change ranged from − 32.1% (quantile Q 10 ) to 24.3% (quantile Q 90 ) under RCP8.5 in 2080s at Walgett. By contrast, rainfall change varied between − 15.0 and 5.7% under RCP4.5 in 2040s at Wagga. The multi-GCM ensemble median showed that the maximum decrease in rainfall was − 15.8% in Walgett under RCP8.5 in 2080s. The minimum decrease in growing season rainfall occurred in Mudgee (− 1.1%) under RCP4.5 in 2040s.
Projected changes in wheat yield under different environmental conditions
Due to the very different projected climatic conditions, the simulated yield changes under two RCPs for 28 GCMs in 2040s and 2080s were distinct for each soil when different amounts of nitrogen fertilizer were applied across six locations. Figure 2 shows the simulated yield change under RCP8.5 in 2080s at six sites, and for the sake of simplicity, only six soils (S2, S4, S6, S8, S10, and S12) and six N treatments (N2, N4, N6, N8, N10, and N12) were included (see Fig. S2 -4 for other three scenarios). In the presentation of results, we focused on the ensemble median yield of the 28 GCMs used. It is noteworthy that simulated multi-GCM ensemble median yield increased in three western dry sites (i.e., Walgett, Lachlan, and Balranald) and one of eastern sites (i.e., Moree) under RCP8.5 in 2080s (Fig. 2) . Nevertheless, the direction and magnitude of the simulated yield change were dependent on location, soils, N application, RCPs, and time periods (Fig. S2-4 ). For example, there was an increasing trend in wheat yield at dry site Balranald for both RCPs and both future time periods. The amplitude of this increase mainly depended on RCPs and time span because higher CO 2 concentration occurred under RCP8.5 by the 2080s. It has been proven that CO 2 fertilization had positive effects on yield increase, which offset some of negative impacts due to changes in temperature and rainfall. By contrast, there was a decreasing trend in simulated yield at wet site, Wagga, across all scenarios ( Fig. 2 and Fig.  S2-4 ). This phenomenon mainly stems from the fact that there are complex interactive effects among CO 2 , rainfall, and temperature. For example, the positive effects of CO 2 fertilization were counteracted by decreased rainfall and increased temperature (Ludwig ). For those remaining sites, the direction of yield change differed between emission scenarios and location. Overall, there was a small difference in multi-GCM ensemble median yield across soil types and nitrogen applications. Figure 3 shows the Q90-Q10 simulated yield change for RCP8.5 in 2080s. It is interesting to note that there was a large range for dry sites Balranald and Walgett with Q90-Q10 value more than 90% for most of soils and N treatments. This could be because there are large variations in projected seasonal rainfall change among GCMs (Fig. 1b) and simulated yield is dependent on rainfall at drier locations. In addition, we found that the magnitude of Q90-Q10 became large with the increased soil PAWC (soil types) and nitrogen application rates. By contrast, the value of Q90-Q10 at wetter sites Wagga and Mudgee was less than 60% and these values were magnified by nitrogen application. A similar situation could be found in other three scenarios (Fig. S5-7) . Nevertheless, the projected Q90-Q10 value under a high emission scenario RCP8.5 in a far future period Fig. 3 The range of quantile levels (Q 90 -Q 10 ) for simulated yield change under RCP8.5 in 2080s for 12 soils and 12 nitrogen application rates across six sites in the NSW wheat belt was found to be greater than that under a low emission scenario RCP4.5 in a near future, which means that GCMs behaved more differently from each other under high emission scenario by the 2080s.
Relative contribution of the uncertainty
We analyzed the contribution of the four sources to the total uncertainty of wheat yield projections. Figure 4 shows that the total variance of simulated yield was partitioned into 15 sources of variation caused by GCMs, RCPs, S and N, and the interactions between these four factors at six sites. A large share of the variance was explained by GCMs at dry sites (e.g., 51.6% for Balranald and 50.4% for Lachlan). However, S and N had minor contributions to the total variance in these two sites. It is worth mentioning that S was the least important source of uncertainty at Balranald but it became an important source of uncertainty at two northern sites, Walgett and Moree. N turned into the dominant source of uncertainty at two wet sites, Mudgee and Wagga. GCMs further contributed to uncertainty through their interaction with RCPs. The contribution of these interactions to the total uncertainty varied across locations. For example, the GCMs uncertainty related to RCPs (GCM:RCP) was more pronounced in Balranald (33.4%) and Lachlan (19.4%) compared to other interactive factors (Fig. 4) . It is noteworthy that interactive factors GCM:RCP had a small share of the uncertainty at wet sites Mudgee and Wagga. Fig. 4 The share of the uncertainty related to GCM, RCP, soil (S), nitrogen (N), and their interaction for projected wheat yield changes at six sites in the NSW wheat belt
The contribution of single GCM uncertainty was evaluated by consecutively removing each of 28 GCMs, then comparing the variance of projected yield changes between the full GCM model set and that without the particular model (Vetter et al. 2017) . If the differences are positive, it means that a single GCM presents a positive contribution to the total uncertainty otherwise it influences the total uncertainty negatively. Our simulated results indicate that the influence of each GCM on total uncertainty varied at each site. For example, the models GF4, Ha5, MI3, MI4, and MP2 had positive contributions to total uncertainty for all six locations (Fig. S8) . The maximum increase in the share of uncertainty was more than 5% when including the GF4 model at Moree. The number of GCMs which had positive contributions to the yield variance was 9 of 28 GCMs at Lachlan and Moree, 10 at Balranald, Mudgee and Wagga, and 11 at Walgett. In addition, GCMs such as BC1, BC2, BNU, and CCS negatively influenced the variation of projected wheat yield change. For example, the variance of simulated yield change was reduced by approximately 2% in Balranald when including the MI2 model.
Discussion
Our results indicate that the share of uncertainty differs between soils, climate, location, and management conditions. Specifically, our simulated results show that the uncertainty from GCMs is the largest source of uncertainty in wheat yield change, larger than the uncertainty stemming from emission scenarios, different soils, and N treatments, especially for dry sites (i.e., Balranald and Lachlan). The reason is likely due to water supply being the primary limiting factor at dry locations with respect to crop growth and yield (Yu et al. 2014) . Large variations in projected growing season rainfall among GCMs resulted in yield variability. The interaction of GCM and RCP was the next important source of uncertainty at dry sites which is not unexpected because the uncertainty from GCMs, especially for rainfall projections, magnifies with increasing emission scenarios and time periods (Fig. 1b) .
Increasing nitrogen fertilization has been evaluated as a potentially effective adaptation measure to cope with climate change especially when CO 2 fertilization is fully considered (Guan et al. 2017) . Our study included various nitrogen treatments in combination with soil types as uncertainty sources. It is interesting to note that nitrogen application rate was the dominant source uncertainty at wet sites Wagga and Mudgee where growing season rainfall is more than 400 mm. Wheat yield change is dependent on nitrogen application levels in eastern parts of the wheat belt where water is not a main limited factor compared to low rainfall sites, which is in general consistent with previous study in this area (Wang et al. 2009b ). Under higher rainfall conditions, increasing the application of nitrogen fertilizer is able to amplify yield differences because a large amount of nitrogen could be consumed by the crop. However, for the two northern sites Walgett and Moree, soil type which influences water holding capacity has an important contribution to the overall uncertainty next to GCMs. This may be due to lower winter (growing season) rainfall in these locations (Table S1 ). Here, summer (non-growing season) rainfall is likely to have a contribution to stored soil moisture at the end of summer at these two sites, which could be subsequently utilized by the crop (Wang et al. 2015) . Thus, our findings imply that soils have the capacity to either buffer or amplify climate change impacts. This agreed with previous studies, for example, Folberth et al. (2016) show that the uncertainty due to soil type can outweigh the uncertainty caused by climate data in global crop yield simulations. These authors highlighted that more explicit consideration of soil variability in crop simulation studies should be involved.
Previous studies on hydrological-climate projections suggested that the uncertainty caused by the downscaling methods is comparable to the uncertainty originating from GCMs (Bosshard et al. 2013 ). For example, Chen et al. (2011) reported that a choice of a downscaling approach for GCM outputs is likely to be as important as GCM uncertainty. By contrast, for agricultural impact studies, Liu et al. (2017a) compared four downscaling methods in combination with a crop model to study how different simulated wheat yields related to various downscaling climate data. They also concluded selecting appropriate downscaling techniques could be a major consideration for impact studies of climate change. However, to our knowledge, no previous studies have comprehensively assessed the uncertainty introduced through downscaling models, bias-correction techniques, or the application of stochastic weather generator, management practices in agricultural impact assessment, though numerous recent studies have considered some causes of uncertainties using climate model outputs based on a change factor method Kassie et al. 2015; Tao et al. 2018 ). Nevertheless, the change factor-based approach assumes that the change from present to future in the observed climatology will be same as the change in the modeled climatology and the occurrence of rainfall will remain in an original state. In other words, when climate data are downscaled by the simple delta approach, the future climate data in each site within each GCM share the same relative change and the variance remains unchanged with that of the observed historical data. The intra-seasonal distribution of climate variables is likely to be diminished ). When they are used to drive a crop model at a daily step, the simulated results are likely to be unreliable due to the quality of the daily weather data inputs. Our statistical downscaling technique is able to adjust various statistics of the predictands (rainfall or temperature) such as variance or probability of distribution by following the temporal structure of the GCM based on bias-correction procedure (Liu and Zuo 2012) . It can also reproduce the observed intra-seasonal variation of climate variables, which enhances our confidence in the simulated results ). Reducing uncertainties, at the minimum, requires improvement to models to enhance the quality of climate simulations; however, it should be remembered that our climate daily data used for driving the crop model were generated through an improved weather generator technique (Liu and Zuo 2012; Richardson and Wright 1984) which may still involve some uncertainty due to the process in deriving parameters. Therefore, other downscaling techniques (e.g., dynamic downscaling) should be incorporated to analyze the uncertainty caused by the downscaling step.
In general, GCMs and crop models are considered as two major sources of uncertainty in quantifying the effects of climate change on agriculture. Our results show that the GCM models GF4, Ha5, MI3, MI4, and MP2 had a positive contribution to total uncertainty for all six locations, which means that a choice of GCMs would have a significant effect on climate change assessment. Fortunately, crop model uncertainty has been widely assessed in recent model inter-comparison projects such as the Agricultural Model Intercomparison and Improvement Project (AgMIP) (http://www.agmip.org/). Numerous AgMIP studies have investigated the source of uncertainty from crop models to obtain reliable estimates of climate change assessment using scaling of GCMs output Tao et al. 2018) . For example, Tao et al. (2018) used seven crop models, eight GCMs as well as multiple sets of crop parameters to quantify the uncertainty from these three important sources in simulated barley yield at two contrasting sites in Europe. They concluded that the uncertainty related to the crop model structure is greater in comparison with uncertainty from GCMs projections and crop model parameters. In our present study, the uncertainty cascade taken into account was still lacking in some areas. For example, as we only used one crop model to simulate wheat yield, some potential uncertainty arisen from crop models such as model parameters and model structure (e.g., the function in simulating crop phenology) have been neglected Wallach et al. 2017; Zhang et al. 2017 ). In addition, whether climate data or soil types dominate yield variation will also rely strongly on cropping managements (e.g., nutrient use) (Folberth et al. 2016) . There is no single study so far which thoroughly considers all sources of uncertainty in climate change impact analysis in agriculture. Therefore, we strongly suggested that future work should focus on examining the effects of different crop models (model parameters and model structure), different downscaling approaches (dynamic downscaling, statistical downscaling, and delta change method), climate models used (GCM structures and parameters), and adaptation options selected (cultivars, sowing date, and nitrogen application) on the projected yield changes. In other words, a complete study must take all those sources into account. However, the huge complexity and computation burden of employing a more comprehensive method for climate change assessment highlight the necessity of developing more efficient techniques (e.g., multiple platform based on the cloud system) to uncover the critical uncertainty sources for agricultural impact studies.
Conclusions
This study quantified the various sources of uncertainty in the assessment of climate change on crop yield at six representative sites across the NSW wheat belt. The analysis of climate projections indicates that a remarkable warming was expected in the future and multi-GCM ensemble median projected a decreased trend in growing season rainfall with great variance across GCMs. The 28 statistically downscaled GCMs used in this study presented a large source of variation in simulated wheat yield mainly due to high inter-GCM variations in projected growing season rainfall. Summarizing all results, one of the major findings of this study is that the share of uncertainty in wheat yield projections for the future varied depending on the selected locations. The largest share of uncertainty came from GCMs and the combination of GCMs and RCPs also had a great contribution to total uncertainty at drier sites. Therefore, we suggest selecting more reliable GCMs according to some evaluation indices (e.g., Taylor diagram) as a first step in assessing the impacts of climate change for dry locations. More reliable or accurate climate projections from GCMs are likely to make the future yield projections less uncertain. However, N application was the dominant source of uncertainty at wetter sites because water supply is not the major factor limiting crop biomass production. We therefore suggest the optimal nitrogen application rate should be determined firstly based on historical simulations for each site. Then, optimum fertilizer rate is applied for future simulations. This may make the future yield changes of wheat more consistent. In addition, we found that uncertainty due to soil type was pronounced at northern sites due to soil water availability caused by soil characteristics and seasonal rainfall.
Our study included soils and nitrogen application to quantify the sources of uncertainty as soil water availability and nutrient use efficiency have large impacts on crop yield. However, a major limitation of this study was that only a single crop model was considered to model the wheat yield based on different environmental conditions. Therefore, the uncertainty in the crop model structure and model parameter that is likely to have substantial effects has been neglected when quantifying climate change impacts. We suggested that future research needs to focus on evaluating additional sources of uncertainty, most importantly, crop models and GCMs downscaling approach impacts on future agricultural productivity.
Careful and detailed investigation of sources of uncertainty is an important step for decision making because it is able to make significant improvements in obtaining characterization of uncertainties and avoid an overconfident portrayal of climate change effects. We believe that our results regarding the importance of different uncertainty sources will have a substantial contribution to redesign climate impact analyses to include more complete uncertainty assessment. It would be worthwhile to apply the methodology framework presented here to other rain-fed conditions to obtain more generalized findings.
